In order escape from local fitness peaks, a population must navigate across valleys of 1 low fitness. How these transitions occur, and what role they play in adaptation, have been subjects 2 of active interest in evolutionary genetics for almost a century. However, to our knowledge, this 3 problem has never been addressed directly, by considering the evolution of a gene, or group of genes, 4 as a whole, including the complex effects of fitness interactions among multiple loci. Here, we use a 5 precise model of protein fitness to compute the probability P(s, ∆t) that an allele, randomly sampled 6 from a population at time t, has crossed a fitness valley of depth s during an interval [t − ∆t, t] in 7 the immediate past. We study populations of model genes evolving under equilibrium conditions 8 consistent with those in mammalian mitochondria. From this data, we estimate that genes encoding 9 small protein motifs navigate fitness valleys of depth 2Ns 30 with probability P 0.1 on a time 
where E γ is the energy of conformation γ, the subscript N denotes the native conformation, and factors
83
of temperature are absorbed into the definition of energy; The energy of a conformation is determined 84 from its amino acid contacts by empirical amino acid contact potentials [28] (as a result, energies are 85 defined in units of RT 0.6 kcal / mol).
86
We assume that mis-folded proteins are non-functional, and otherwise toxic to an organism 87 [29] [30] [31] . In this case, protein fitness can be defined by the probability of finding an individual protein 88 folded in its native conformation [25, 32] ,
However, since most naturally occurring proteins are only marginally (as opposed to maximally) stable
90
[24], we decided to model fitness using a logistic function
where k = 15 ( Figure S1 ). Under this condition, evolved genes in our simulations typically encode
92
proteins with P N > 0.75 or, equivalently, ∆G N < −1 [33] . history of an allele may contain a number of (perhaps nested) valleys of varying depth ( Figure A1 ). Figure 1 . Distribution of beneficial fitness effects, P(∆w > x). The distribution of deleterious fitness effects, P(−∆w > x), is partially included in the upper right corner of the figure for reference. The plots are generated by randomly mutating evolved sequences sampled from simulations with N = 100, 200, 500, and 1000 (the width of a plot increases with decreasing N). If the data for ∆w in each plot is rescaled by the appropriate factor of N, the distributions P(N∆w > x) roughly collapse to a single curve. For N = 1000, about 47 percent of the mutations are strongly deleterious (N∆w < −5), about 28 percent are nearly neutral (−1 < N∆w < 1), and about 0.7 percent are beneficial (N∆w > 1), consistent with results obtained by Tamuri et al. [38] for mammalian mitochondrial proteins (Tamuri et al. use logarithmic fitness differences in their work, however, this distinction can be neglected when
increases with decreasing N). The results describe proteins with 12 amino acids folding to the native 143 conformation in Figure S2 , and the overall mutation rate in each simulation is µN = 1.
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To generate data for Figure 1 , we sampled the landscape around evolved genes using a simple was then used to generate 10 4 random single amino acid mutants, for a total of 10 6 mutants per plot.
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As is evident by closer inspection of Figure 1 , the probability of a beneficial (or deleterious) 151 mutation with effect ∆w > x decreases almost linearly with increasing population size; The scaled Given this result, we now restrict our attention to populations with N = 200 and proteins with 156 16 amino acids. To compare our results to those of Meer et al., we require the site mutation rate in of sampling an allele that has crossed a fitness valley of depth S > 9.1 for ∆t = 128N is about 0.36, the 170 probability for S > 17.8 is about 0.07, and the probability for S > 27.8 is already about 0.03. Figure S5 . Each data point is determined from over 10 5 allele histories. The range of the plot, ∆t ≤ 128N, corresponds to the time scale of human evolution (about six million years). The dashed lines (power law fits to the data) are very close to linear, increasingly so for larger values of x (see Appendix for more details).
Clearly, these numbers will continue to increase for larger values of ∆t and larger mutation rates 172 µN (Figure 4 ). In addition, P(S > x, ∆) will also increase with chain length since, for a constant site 173 mutation rate, the mutation rate per gene µ is proportional to chain length. If we assume that the by the scaled distribution functions P(N∆w > x) and P(Ns > x), are already similar to those inferred 180 from real proteins with much longer sequences. In this case, extrapolating from the data in Figure 4 , 181 we find that the probability of sampling an allele that has crossed a valley of depth S > 27.8 over a 182 time interval ∆t = 128N increases to about P 0.1. Thus, even neglecting the anticipated increase in To compute the maximum valley depth traversed along an interval ( Figure A1 ), we consider all 228 possible placements of three points, w i , w j and w k , where i < j < k denote the occurrence times of 229 mutations. For a given placement of points, valley depth s is defined as the smaller of the two fitness 230 differences w i − w j or w k − w j . The maximum valley depth can then be expressed as,
To avoid complicating our expressions, we use the plain symbols s and S = 2Ns to denote maximum 232 valley depth in P(s > x, ∆t) and P(S > x, ∆t).
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The structure of P(S > x, ∆t) can be explained roughly as follows: As we noted earlier, an interval
234
[t − ∆t, t] along a fitness trace may contain a number of distinct valleys of varying depth. Valleys 235 of large depth are rare on the time scale of human evolution and short lived. As a result, when x is 236 large, doubling ∆t doubles the probability that a valley with depth greater than x will occur within an 237 interval [t − ∆t, t], and P(S > x, ∆t) increases linearly with ∆t. This will be true as long as ∆t is not 238 too large or too small; For large enough ∆t, P(S > x, ∆t) will begin to saturate (i.e., P → 1), at which 239 point the slope of the curve, ∂P(S > x, ∆t)/∂∆t, tends to zero, and linearity is lost. Conversely, for 240 small enough ∆t, the typical duration of an event (valley of depth greater than x) will begin to exceed 241 ∆t, and again ∂P(S > x, ∆t)/∂∆t will begin to change. This change will depend both on x and the 242 topography of valleys with depth greater than x, however, we have not explored this issue in detail. 
